Résumé
The use of LiDAR in the study of gap regimes has seen significant progress in recent years. 24 Researchers have assumed that canopy gaps that are detected in this manner were ecologically 25 equivalent to gaps sampled in situ by more traditional methods. However, those latter methods 26 usually include canopy gaps only and ignore non-regenerating openings that are produced by 27 causes limiting tree establishment. We developed a predictive model capable of discriminating 28 between canopy gaps and non-regenerating openings using LiDAR-derived data. Selected 29 predictive variables were related to conditions that limit tree establishment, such as zones of 30 moisture accumulation and steep slopes, or to the resulting vegetation physiognomy. The model 31 was applied to three old-growth forests to predict the fractions of canopy openings belonging to 32 these two types. On average, non-regenerating openings represented 19.5% of the total area 33 detected as canopy openings and occupied 1.37% of the sites. Canopy gaps formed 80.5% of the 34 total area in canopy openings and covered 5.71% of sites that were studied. The non-regenerating 35 opening seemed more frequent on thin surficial deposits. The canopy gap fraction was similar 36 among study sites but had lower values than usually reported for temperate deciduous forest. 37 recent years for the study of forest gap regimes (Vepakomma et al. 2010) . 89
To the best of our knowledge, no attempts have been made to differentiate canopy gaps from 90 NRO using LiDAR data. As a result, in past studies in which LiDAR was used to detect canopy 91 gaps, an unknown proportion of NRO could likely have been counted as canopy gaps. This 92 discrepancy between field studies and LiDAR studies might result in problems when applying the 93 principles of ecosystemic management because the two wouldn't be readily comparable. As 94 forest managers are increasingly relying on LiDAR data to plan their operations and produce 95 reliable inventories, there is a need for new technologies to be compatible with knowledge 96 derived from older procedures or data. 97
In the study area selected for the present study, we observed that NRO classes. There is therefore a need to distinguish NRO from canopy gaps using means readily 117 available, on the basis of NRO and canopy gap characteristics. The goal of this paper was to 118 propose a methodological approach for discriminating NRO from canopy gaps using mono-119 temporal LiDAR data, assess the accuracy of this automated opening classification, and to study 120 the frequency and characteristics of NRO in the selected study area. 121 Openings in the canopy were identified using an adaptive height thresholding algorithm. This 166 algorithm was designed to detect depressions in the CHM, the edges of which are steep enough to 167 represent a break compared to the surrounding canopy structure. Using this algorithm, a CHM 168 pixel was classified as part of a canopy opening if its height was less than one of two height 169
Methods
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Study sites
thresholds (see equations 1 and 2) that were computed using the pixels in a circular neighborhood 170 of 0.25 ha: 171
Where H i is the CHM pixel height value being evaluated, H ¼ha is the height average of the CHM 174 in an area of 0.25 ha around the pixel, and SD H¼ha and H max¼ha are the standard deviation and 175 maximum value of the CHM in an area of 0.25 ha around the pixel, respectively. Contiguous 176 pixels forming a distinct gap were then aggregated as canopy opening polygons. Canopy opening 177 size was calculated from the total area of grouped pixels. Canopy openings measuring less The shape of the terrain was described using a topographic position index (TPI) computed from 223 the DTM (Jenness et al. 2005 ). The TPI is a measure of the height difference between a cell and 224 the height average in a circular neighborhood of a given radius. It has a negative value for 225 concave terrain and a positive value for convex terrain. We chose a radius of 5 m based on fieldD r a f t distances (minimum, maximum and median) for each opening relative to the closest predicted 233 stream. These three statistics can have different interpretations depending on canopy opening 234 shape and orientation. 235
The LiDAR DTM was used to produce a slope raster and statistics for each opening were 236 computed (minimum, maximum and median slope). Because of its nonlinear relationship with the 237 probability of detecting NRO (Battles et al. 1995), the maximum slope variable was split into 238 three categories according to the following scheme (low slope class 1 = 0.0 ≤ slope ≤ 24.8 239 degrees, intermediate slope class 2 = 24.8 < slope ≤ 39.8 degrees, high slope class 3 = slope > 240
degrees). 241
The frequency of each surficial deposits classes by opening type was computed by extracting the 242 surficial deposit thickness class of each canopy opening through a GIS overlay operation. determine an optimal cut-off value for predicting opening type. Relation between each selected 262 explanatory variable and opening type were explored with log-odds ratio plots. 263
Results
264
The model built using LiDAR-derived features succeeded in discriminating NRO from canopy 265 gaps ( Table 2 ). The analysis of the Kappa parameter showed that cut-off values between 266 0.40 and 0.72 offered similar classification accuracy (Fig. 3); i.e., selecting a cut-off (Fig. 4) . Areas under the ROC 280 curve were 93.29% and 82.26% for the validation and training data, respectively (Fig. 5) . This 281 indicated that the model has a discrimination ability between excellent and outstanding (Hosmer 282 and Lemeshow 2000). Classification error was 17% for the validation data and 26% for the 283 training dataset, at the 0.5 cut-off value. However, classification errors are not distributed evenly 284 in the three study sites, with more commission errors for study site B (Table 3 ). The higher 285 classification accuracy of the validation dataset can be explained by the lower proportion of 286 randomly selected samples from study site B compared to the training dataset. 287
Study site was not a significant random effect in the model (intercept variance = 9.93 x 10 -13 ; and 288 standard deviation = 9.96 x 10 -7 ). Four variables were selected to predict canopy opening type: 289 the minimum value of TPI, the 20 th percentile of CHM values, the maximum distance to the 290 nearest modeled stream, and the maximum slope class (Table 2) . Minimum TPI was the first 291 variable selected to discriminate NRO from canopy gaps. Negative values indicated some form of 292 local terrain depression within the opening (concavity) favoring moisture accumulation or soil 293 saturation. The odds-ratio plot effectively showed that NRO were related to low values of 294 minimum TPI (Fig. 5) . Conversely, values of minimum TPI that were close to 0, which indicate 295 flat terrain, did not limit tree establishment and, therefore, were indicative of canopy gaps. The 296 departure from linearity of the log-ratios near the middle deciles of TPI was due to the 297 heterogeneous distribution of values for NRO and canopy gaps. If values of TPI were distributed 298 more homogeneously between the 4 th and the 8 th deciles, the log-ratios would have behaved in a 299 linear fashion. Moreover, those deciles would not have had much explanatory power. The 20 th 300 percentile of CHM height had good explanatory power for distinguishing the two opening types; 301 NRO are more associated with low values of the CHM while the converse was observed for 302 canopy gaps (Fig. 6 ). Distance to water was the third variable selected (Table 2) and it served 303 mainly to identify canopy gaps when openings are far from water (Fig. 6) ; openings that are closeD r a f t to water were not necessarily NRO, but those that are far from water are more likely to be canopy 305 gaps. The last variable selected was maximum slope class (Table 2) , which had some explanatory 306 power for identifying NRO on steep slopes (Fig. 6) . Odds-ratios indicated that openings that are 307 in the high maximum slope class were more likely to be NRO. High maximum slopes were found 308 in only 10% of the sampled canopy openings. 309
The frequencies of limiting factors found during fieldwork in NRO were different in the three 310 study sites (Fig. 1) . Moisture accumulation and permanent water saturation in soil were the most 311 common limiting factors in study sites A and B. Study site C had many NRO with more than one 312 kind of limiting factor. Rock and succession inhibiting vegetation were frequently found together 313 in NRO. The thickness of the surficial deposit seems to condition the spatial distribution of 314 limiting factors related to the NRO in the three sites (Table 1) . Rock was never a limiting factor 315 on thick surficial deposits but in these conditions, succession inhibiting vegetation was a 316 predominant cause. On thin deposits, excessive water was the most frequent limiting factor. 317
Beaver damage was less frequent; they were found in only 15% of the NRO. In general, total canopy opening fraction, as well as canopy gap fraction, increased as the surficial 327 deposit becomes thinner (Table 4) . If we exclude the data from the 8.6 ha of moderate surficial 328 deposit thickness in site B, a corridor zone characterized by stream courses and waterD r a f t accumulation, the canopy gap fractions were close to the general mean (5.71%), ranging from 330 5.35% to 6.33%. However, NRO fraction was more variable, particularly on thin surficial deposit 331 (0.71% to 2.27%) and greater on moderately thick deposits. 332
Discussion
333
Model variables
334
In this study, LiDAR-derived information was shown to be a very good predictor for 335 differentiating NRO from canopy gaps. Variables that were selected are related directly to 336 conditions that made sites less suitable for tree establishment or to the resulting vegetation 337 physiognomy. Small-scale terrain concavity or flatness, as expressed by the minimum TPI, was 338 the variable with the highest predictive power in the model. Flat terrain was associated with 339 canopy gaps and concavity with NRO. Soil moisture was also invoked as a limiting factor with 340 the 'maximum distance to water' variable. The probability of being classified as a canopy gap 341 increased with the distance between canopy openings and moisture accumulation zones. 342
However, proximity to these wetter zones did not necessarily predict canopy opening type. This 343 might indicate that water accumulation there sometimes crosses a threshold over which some 344 trees can't cope (Kozlowski 1985 (Kozlowski , 1986 ). The maximum slope parameter served to identify sites 345 that are too steep for trees to establish or maintain themselves in those canopy openings. 346
Topographic position, slope and elevation are known to influence canopy gap abundance (Battles 347 et al. 1995), but their relationship with NRO's frequency has yet to be researched. 348 We also expected that the absence of vegetation or the presence of resource-limited vegetation 349 would exhibit a low height distribution within canopy openings. Among the variables related to 350 this feature, the 20 th percentile of the height distribution was the best selected indicator. Its odds-351 ratio profile (Fig. 4) clearly showed that NRO were identifiable when the 20 th percentile of the 352 height values is low. Other height deciles were correlated with the 20 th percentile but were not as 353 good. We had also expected that a measure of height variation within canopy openings would 
NRO
359
In situ determination of canopy opening type was not always straightforward. Two sources of 360 uncertainty may have caused this. First, a gradient existed between NRO and canopy gaps rather 361 than a simple dichotomy. Conditions that limit tree establishment will usually hinder growth in 362 some portion of a canopy opening but not to the extent of preventing tree establishment entirely. 363
Second, distinguishing the proportion of the canopy opening that was occupied by each of these 364 two types was sometimes difficult. As such, the insensitivity of the model when choosing an 365 optimal cut-off value might further illustrate the uncertainty of the NRO / canopy gap 366 classification that we faced in the field. In spite of this issue, the model performed very well. A 367 different cut-off might have been selected if our goal had been to optimize detection of canopy 368 gaps or NRO. We chose to be unbiased, which means that we reported higher NRO frequencies 369 of our goal had been to be sure of canopy gaps classification and much lower NRO frequency if 370 the reverse goal had been sought. Future research is needed to further understand the importance 371 of NRO on forest dynamic and productivity. 372
Limiting factors in NRO were clearly associated with surficial deposit thickness. For instance, 380 66% of the NRO on thin surficial deposit are related to water. On these deposits, small-scale 381 terrain shape has more effects; the concavity of the underlying bedrock can generate small basins 382 where water rapidly saturates the soil and accumulates. This might explain the higher proportion 383 of NRO associated with water factors on thin surficial deposits. Inversely, NRO with succession 384 inhibiting vegetation were more frequent on the thick deposits found in the lowlands. Beavers 385 were a spatially segregated cause of NRO. Signs of beaver activity were found mostly in the 386 lowlands close to the major streams and water bodies and were absent on thin deposits in the 387 uplands. 388
Succession inhibiting vegetation was mostly composed of Carex spp., Viburnum spp., Corylus 389 cornuta and ferns (mostly Athyrium felix-femina). These species have an ecological advantage in 390 occupying NRO. We observed that succession inhibiting species shared certain functional traits, 391 such as perenniality, low nutrient requirements, sustainability under extreme and variable soil 392 moisture conditions, and high light requirements compared to other common understory species. 393
Trees that were able to establish themselves despite the limiting factors are likely to grow very 394 slowly, making them vulnerable to browsing by white-tailed deer (Odocoileus virginianus), thus 395 further slowing canopy closure (Horsley and Marquis 1983) . 396
Ecologists have long known that those features condition the distribution of vegetation at the site-405 scale. Prior to the development of LiDAR, scaling up this information to the landscape-level was 406 impossible with traditional remote sensing tools. The ability to distinguish between NRO and 407 canopy gap is an important advantage when using LiDAR data to characterize gap regimes. 408
The general methodology used in this study might be applicable elsewhere. However, it is evident 409 that the explanatory power of the selected variables was associated with specific characteristics of 410 the study sites. 
